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ABSTRACT: To make up for the drawback that clustering method based on Euclidean Distance considering all dimensions
of load curves is weak in load shape similarity this paper proposes a two-step clustering algorithm combined with load shape
characteristic index for power load curve. First this algorithm obtains the preliminary clustering result by using clustering
method based on the Euclidean Distance of load curves and selects the clustering method and number through cluster
evaluation index. Second this algorithm uses supervised learning algorithm to reclassify load based on load shape
characteristic index. Then different clustering algorithms are compared. At last we propose the suggestions for the
application of the clustering results. The example results show that the proposed two-step clustering algorithm can make up
for the weakness of traditional clustering algorithm in load shape similarity. Support vector machine ( SVM) algorithm has
better performance in the second-step classification. The proposed algorithm has practical significance.
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